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Abstract
As a result of the escalating number of new cancer treatments being developed 
and competition among pharmaceutical companies, decisions regarding how to 
proceed with phase III trials are frequently based on findings from either single- 
arm phase I expansion cohorts or phase II studies that compare the efficacy of 
the study drug to a standard- of- care benchmark derived from historical data. 
However, even when eligibility criteria are matched, differences in the distribu-
tion of baseline patient features may influence the outcome of single- arm trials 
in real- world scenarios. Therefore, novel methods are needed to enhance the ac-
curacy of efficacy prediction from current cohorts relative to historical data. In 
this study, we demonstrated the feasibility of using the propensity score matching 
(PSM) method to improve decision making by matching relevant baseline fea-
tures between current and historical cohorts. According to our findings, utiliz-
ing the PSM method may provide a less biased means of comparing outcomes 
between current and historical cohorts relative to a naïve approach, which relies 
solely on differences in average outcomes between the cohorts.

Study Highlights
WHAT IS THE CURRENT KNOWLEDGE ON THE TOPIC?
As the number of new cancer treatments entering clinical trials continues to rise, 
accompanied by increased competition among pharmaceutical companies, deci-
sions regarding phase III trials are sometimes based on findings from single- arm 
proof- of- concept (PoC) trials alone. These decisions rely on naive comparisons, 
which are estimated through differences in average outcomes between a cohort 
in a single- arm trial for the novel treatment and those in historical cohorts.
WHAT QUESTION DID THIS STUDY ADDRESS?
To address the impact of differing baseline patient characteristic on outcomes 
in real- world scenarios, this study sought to explore the suitability of using a 
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INTRODUCTION

In oncology drug development, proof- of- concept (PoC) 
data on drug safety and efficacy need to be established 
in early- phase clinical trials before large phase III rand-
omized controlled trials (RCTs) are conducted. PoC tri-
als (among other variable design considerations) can be 
broadly conducted as single- arm trials or RCTs, with clear 
advantages and disadvantages to either approach. For 
every RCT, approximately four single- arm trials can be 
run instead, limiting the number of PoC hypotheses to be 
tested.1 With the increasing number of novel cancer ther-
apies in development and competition among pharma-
ceutical companies, especially in the immune- oncology 
space, a “go” decision to phase III is increasingly made 
based on results from a single- arm phase I expansion co-
hort or phase II study in which efficacy of the study drug 
(e.g., objective response rate [ORR]) is compared with 
standard- of- care benchmark estimated from historical 
data.2 This practice has unfortunately led to several costly 
phase III failures.3– 5

In cases where a cohort in a single- arm trial for the 
novel treatment and historical cohorts have similar pa-
tient distributions, a naïve comparison estimated through 
differences in average outcomes of the cohorts, may suf-
fice to make the decision. However, in most real- world sce-
narios, despite having matching eligibility criteria, the risk 
of having a different distribution of known and unknown 
baseline patient features that may influence trial outcome 
remains significant. New approaches6 are required to im-
prove the precision of outcome comparison between cur-
rent and historical cohorts, as shown in Figure 1.

An emerging set of statistical and machine learning 
approaches are being used for evaluating the comparative 
effectiveness of an intervention using subsets of patients 
derived from external data.7 The source of these external 
control data can be from other clinical trials, electronic 
health records, or published aggregated data.8 Statistical 

methods include propensity score matching (PSM),9 
fixed- effect pooling, multivariate regression, and Bayesian 
dynamic borrowing. These statistical methods focus on 
selecting a subgroup of patients from the external data, 
which minimizes the imbalance of patient characteristics 
between the external control arm and the current trial co-
hort. Other methods, such as machine learning methods, 
use predictive or generative models to artificially generate 
patient response data and then create the external con-
trol arm.10 In late- phase clinical development, externally 
controlled trials have been used globally to support reg-
ulatory approval11 of new therapies for rare diseases and 
oncology.12

Within the context of early oncology drug develop-
ment, here, we demonstrated the superiority of the PSM 
method over a naïve approach and quantified the extent 
of this superiority in facilitating a go/no- go decision based 
on single- arm PoC trials. Specifically, we evaluated the 
added value of the PSM method in two scenarios: intra- 
trial and inter- trial comparison of current and historical 
cohorts. Our findings demonstrate that the PSM method 
provides a more reliable comparison of the outcome be-
tween a current and historical cohort in contrast to a naïve 
comparison, which solely relies on differences in average 
outcomes of the cohorts.

METHODS

General approach

We established the utility of the PSM method with two 
case studies using clinical data from the non- small cell 
lung cancer (NSCLC) population. In case study 1, we 
relied on data derived from the experimental arm of 
GEMSTONE- 302 (NCT03789604), a randomized phase 
III trial comparing the efficacy of the combination of a 
novel PD- L1 monoclonal antibody sugemalimab (CS1001) 

propensity score matching (PSM) method in evaluating efficacy in single- arm 
PoC trials.
WHAT DOES THIS STUDY ADD TO OUR KNOWLEDGE?
We successfully demonstrated the feasibility of using PSM to match relevant 
baseline features between current and historical cohorts. Our findings indicate 
that PSM provides a more objective means for comparing outcomes between co-
horts in contrast to naive comparisons.
HOW MIGHT THIS CHANGE DRUG DISCOVERY, DEVELOPMENT, 
AND/OR THERAPEUTICS?
PSM may offer a more informative approach to evaluating the efficacy of a new 
therapy from single- arm PoC trials as it addresses potential confounding factors 
arising from imbalanced predictive baseline features.
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plus chemotherapy with placebo plus chemotherapy for 
patients with metastatic NSCLC.13 Patients were split 
into two cohorts with a predefined difference in outcome 
distribution: “current” and “historical” cohorts (an intra- 
trial comparison). The clinical outcomes were ORR and 
progression- free survival (PFS), as defined per Response 
Evaluation Criteria in Solid Tumors (RECIST) version 
1.1.14 In case study 2, we applied the PSM method for an 
inter- trial comparison using a phase I trial as the current 
cohort and the above- mentioned phase III trial as the his-
torical cohort (an inter- trial comparison). In both case 
studies, we used PSM9 to create external control arms. 
PSM is a practical statistical approach that is suited for 
dealing with the small patient sizes commonly encoun-
tered in early phase clinical trials.15,16 We evaluated the 
difference between the magnitude of treatment effect 
derived from the PSM method and that obtained from a 
naive approach. The common procedure used for the PSM 
analysis in both case studies is described in the flow chart 
(Figure S1).

Dataset and the generation of 
“historical” and “current” cohorts

Case study 1 used data from the GEMSTONE- 302 trial, 
which had 320 patients receiving sugemalimab plus 
chemotherapy and 159 patients receiving placebo plus 

chemotherapy. Only patients in the sugemalimab plus 
chemotherapy group were analyzed, resulting in 303 pa-
tients after excluding 17 with missing ORR information 
(Figure S1). Each patient had 64 baseline features, includ-
ing demographic and biomarker information at baseline. 
Utilizing only baseline features is crucial to avoid the po-
tential introduction of selection biases when matching on 
post- baseline features. Table S1 summarizes the features 
and their descriptions. The historical and current cohorts 
were created by splitting the sugemalimab plus chemo-
therapy group, with a predetermined variation in outcome 
distribution (Figure 2a). This splitting was solely for the 
purpose of simulating a partial mismatch between histori-
cal and current data and not necessary for comparing data 
from different trials in real- world scenarios.

The patients were split based on an estimated param-
eter of tumor growth kinetics –  the log of on- treatment 
tumor growth parameter, LKG.17,18 LKG was selected be-
cause of its mechanistically explainable influence on the 
patient clinical outcomes; and in fact, in this cohort, LKG 
correlated well with the clinical outcomes, including ORR, 
PFS, and overall survival (unpublished data). Further de-
tails of this splitting are given in Creation of historical 
and current cohorts. Because the main objective of this 
case study is to evaluate the PSM method, any parameter 
that is influenced by patients' baseline features has the po-
tential to be utilized for the splitting, as illustrated in the 
Discussion.

F I G U R E  1  Illustration of two scenarios encountered when comparing baseline features distribution between current and historical 
cohorts. (a) Current cohort population (similar to the historical cohort). (b) Historical cohort population. (c) Current cohort population 
(dissimilar to the historical cohort). (d,e) Overlaid historical and current cohort distributions. (f) Propensity score matching (PSM) method 
was used to match baseline features between current and historical cohorts. Colors represent the distinction in their hypothetical baseline 
features (demographics/biomarkers).
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In case study 2, we used data from GEMSTONE- 302 
as the historical cohort and data from a phase I trial 
NCT0331248219 as the current cohort. NCT03312482 is 
the first- in- human phase I trial of sugemalimab mono-
therapy or in combination with chemotherapy in patients 
with various advanced malignancies. For our analyses, we 
selected patients who received sugemalimab plus chemo-
therapy from the NSCLC cohort, an indication matching 
that of GEMSTONE- 302. This cohort contained 41 pa-
tients, out of which 24 patients had missing PD- L1 bio-
marker information. Hence, the remaining 17 patients 
were used as the “current” cohort, as shown in Figure S1.

Patient feature selection and 
propensity score

To begin with, we selected the subset of features from the 
available 64 features. Our selection was based on their 
relevance to the treatment outcome ORR, taking into ac-
count both statistical relationships and biological signifi-
cance, as indicated by refs. 9 and 20. The features were 
linearly transformed to have a mean of zero and standard 
deviation of unity. We used the logistic regression with 
least absolute shrinkage and selection operator (LASSO) 
regression method to understand the feature importance 
(known from weights) in predicting ORR. We chose 
LASSO regression as it provides good out- of- sample pre-
diction even in the presence of multicollinearity between 
features. In Identification of patient features relevant to 
clinical outcome, we discussed other methods that were 
also considered. For the feature selection process, we 
utilized data from the sugemalimab plus chemotherapy 
arm in the GEMSTONE- 302 dataset, which is commonly 
used in both case studies. We selected features with high 

absolute weights and strong correlation to ORR to develop 
a metric that characterizes the patients (Figure S2).

Propensity score is the probability that a patient would 
belong to a particular group given a set of baseline fea-
tures.21 It indicates how strongly the baseline features influ-
ence the patient belonging to the current treatment group. 
If the baseline features are highly influential, the current 
and historical cohorts can be easily separated based on their 
features. If there is a clear differentiation between two co-
horts based on baseline features, it is possible to distinguish 
the distribution of outcomes. This distinction can occur if 
the baseline features possess the capability to predict out-
comes and no other confounding factors exert influence on 
the outcome. Figure S3A- D illustrate the process for calcu-
lating propensity scores in case study 1, and the logit of pro-
pensity score is used for patient matching.22

Criterion and performance metric of 
patient matching

Propensity scores were used for patient matching between 
the current and historical cohorts. For every patient pi in the 
current cohort, we identified a patient qj from the histori-
cal cohort with the closest propensity score. We matched qj 
with pi if the absolute difference between their propensity 
scores was less than a predetermined caliper width.23 The 
literature suggests a caliper width of 20% of the standard de-
viation of all patients' scores.24 However, this was too weak 
for our dataset as it resulted in matching patients with very 
different baseline characteristics. We gradually reduced the 
it and found that a 1% standard deviation was appropri-
ate, as a further reduction led to a significant reduction in 
matched patients. Therefore, we used a 1% standard devia-
tion as our caliper width for patient matching.

F I G U R E  2  Data splitting approach for case study 1 (intra- trial comparison). (a) Distribution of logarithm of tumor growth (LKG) of 
sugemalimab group of GEMSTONE- 302. (b) Distribution of LKG for the current and historical cohorts created through our splitting method. 
(c) Cohen's D of the key features (PDL1 and Lym) before and after propensity score matching (PSM). The bar shows the mean value and 
error bars show the standard deviation from 1000 iterations.
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Regarding the matching process, two observations were 
made: (1) if a patient in the current cohort did not find an 
appropriate match with any patient in the historical cohort, 
this patient was dropped from the current cohort. This ob-
servation was rare and did not significantly impact current 
cohort sizes. It is worth noting that whereas PSM is a com-
monly used method, alternative approaches like inverse 
propensity treatment weighting incorporate all patients 
without excluding any potential unmatched patients.25 (2) It 
was possible for a single patient from the historical cohort to 
be matched with multiple patients in the current cohort.15,16

The difference in the distributions of a baseline feature 
between the historical and current cohorts is defined using 
the dimensionless Cohen's D,26 a standardized mean differ-
ence metric. The mathematical description of Cohen's D is 
in Supplementary Section S2 and a pictorial representation is 
shown in Figure S3E,F. A small absolute value of Cohen's D 
suggests that the distributions have a large overlap, whereas 
a large absolute value of Cohen's D suggests that the distribu-
tions of baseline features are separated and have little or no 
overlap. The better the performance of patient matching, the 
smaller the absolute value of Cohen's D between “historical 
cohort after PSM” and “current cohort before PSM.”

RESULTS

Creation of historical and current cohorts

In case study 1, the historical and current cohorts were cre-
ated from LKG- based splitting of the data derived from the 
sugemalimab- treated arm of GEMSTONE 302, contain-
ing 151 and 152 patients, respectively. In this splitting, pa-
tients in the lower 20 and upper 20 percentile of LKG were 
respectively assigned to the historical and current cohorts. 
The remaining patients were randomly assigned to the two 
cohorts in equal ratios. The purpose of doing splitting was 
to establish a distinction in outcome (i.e., ORR) among pa-
tients participating in the same trial, in which patients who 
responded better were intentionally allocated to one cohort 
instead of the other. By randomly assigning the intermedi-
ary 60% of patients, 1000 iterations were generated. The dis-
tribution of LKG in the two cohorts before and after splitting 
is shown in Figure 2a,b. We also analyzed the sensitivity of 
the PSM output to this splitting criterion, which is explained 
in Effect of overlap between cohorts on PSM performance.

Identification of patient features relevant 
to clinical outcome

In identifying the outcome- relevant subset of baseline 
patient features from the original set of 64, we observed 

that both forward and backward sequential feature selec-
tion methods (described in Supplementary Section  S1) 
were unstable in our case, that is, the selected features 
are completely different when one of the patients is ran-
domly dropped from the dataset (as shown in Table S1). 
Hence, these methods are considered inappropriate for 
feature selection in our case. In contrast, LASSO regres-
sion was found to be stable, as evident from Table S1 that 
compares the features and their weights between those 
cases when a patient is randomly dropped/not dropped 
from the dataset. In addition to the importance assigned 
to the feature by the LASSO method, we also evaluated 
the correlation between the feature and the clinical out-
come. This was to guarantee that our feature selection 
is not entirely dependent on the selection method em-
ployed. Figure  S2 shows the relation between the fea-
ture weights estimated from LASSO and their respective 
correlation coefficients to the clinical outcome. The rel-
evance of a feature as dictated by LASSO seems higher 
if that feature's correlation with the outcome is also 
higher. Hence, we selected these set of features, namely: 
PDL1 (programmed death ligand- 1 > 1%), Lym (lympho-
cyte count), NEOIWTYP (squamous cell carcinoma), 
K (potassium measurement), and PROT (total protein 
measurement). Among these, it is observed that using 
only two of the features (PDL1 and Lym) resulted in an 
optimal performance of PSM as explained in Effect of 
feature- outcome correlation on PSM performance. This 
is because the weakly correlated features (NEOIWTYP, 
K, and PROT) reduce the contribution of the truly im-
portant features (PDL1 and Lym) to the propensity score. 
More details on this and the effect of auto- correlations 
between the features on performance of PSM are dis-
cussed in Effect of feature- outcome correlation on PSM 
performance. Our analysis does not rule out the possi-
bility that there are other unmeasured baseline features 
(confounding variables) that are relevant to the outcome.

Propensity scores were calculated from the patient co-
horts generated using the relevant features identified as 
described in Section 2.3. Patients in the current cohort 
were matched with the historical cohort using the propen-
sity scores, as shown in Figure S3A– D.

We used Equation S1 to compute the Cohen's D value 
for evaluating the discrepancy in distribution between the 
current and historical cohorts regarding two key features, 
PDL1 and Lym. To avoid the dependence of the Cohen's D 
value on a single random assignment of the splitting, we 
performed 1000 random assignments and determined the 
average and standard deviation of the resulting Cohen's D 
values (Figure 2c). The comparison of the Cohen's D val-
ues in Figure 2c indicates a decrease after PSM, signifying 
the effectiveness of PSM in reducing the baseline feature 
differences between the historical and current cohorts.
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Results from case study 1 (intra- trial 
comparison)

For case study 1, the disparity before PSM between histor-
ical and current cohorts in the clinical outcomes ORR and 
PFS can be seen in Figure 3a,b, respectively. This disparity 
was introduced by our splitting strategy. We hypothesized 
that PSM could reduce this disparity and therefore allow 
a more informative outcome comparison between the co-
horts. Our findings provide evidence that PSM reduced, 
but did not eliminate, the disparity in outcomes between 
the historical and current cohorts. Thus, the ORR values in 
the historical cohort before and after PSM are 74% and 64%, 
respectively; the ORR values in the current cohort before 
and after PSM are 54% and 53%, respectively (Figure 3a). 
The median PFS values in the historical cohort before and 
after PSM are 7.1 and 6.4 months, respectively; the median 
PFS values in the current cohort before and after PSM are 
5.6 and 5.7 months, respectively (Figure 3b). Note that the 
minimal difference found in the current cohort before and 
after PSM implies that most patients in the current cohort 
were suitably matched with those in the historical cohort. 
Therefore, the current cohort distribution remained sta-
ble while undergoing PSM treatment. The evaluation of 
PSM feasibility should use the outcome of the current co-
hort before PSM, as this represents the observed current 
cohort outcome that PSM aims to predict. The decrease 
in Cohen's D value for both ORR and PFS from “before 
PSM” to “after PSM” depicted in Figure 3c indicates that 
the use of the PSM method resulted in an improvement in 
the overlap of the outcome distributions between the cur-
rent and historical cohorts. The findings from Figure 3c 
are consistent with those from Figure 3a,b.

Results from case study 2 (inter- trial 
comparison)

In case study 2 (inter- trial comparison), to recapitulate, we 
used phase I trial (NCT03312842) as the current cohort and 
phase III trial (sugemalimab group of GEMSTONE- 302) 
as historical cohort as shown in Figure S1. The number of 
patients in these trials were different by an order of mag-
nitude, with the sugemalimab group of GEMSTONE- 302 
containing 303 patients and NCT03312842 containing a 
mere 17 patients.

We were concerned that if we applied PSM to the 
full dataset of GEMSTONE- 302 and NCT03312842, the 
linear classifier might be biased toward the former as it 
contained a greater number of patients. Instead, we ran-
domly sampled 30 patients from the sugemalimab group 
of GEMSTONE- 302 trial and used them as the historical 
cohort for PSM. An illustration of this process is provided 
in Figure  S4A- D. The procedure was reiterated 10,000 
times, and only the cases where a minimum of 75% of the 
patients in the current cohort achieving a match were re-
tained. Approximately 350 applicable iterations emerged, 
and the findings presented are based on this subset. 
Figure  S4E,F display a decrease in Cohen's D value for 
median PFS after the implementation of PSM, suggest-
ing that the utilization of the PSM method led to a better 
alignment of the outcome distributions between the cur-
rent and historical cohorts. As illustrated in Figure S4G, 
the difference in ORR between the historical and current 
cohorts before PSM appears to be insignificant (66% in the 
historical cohort and 67% in the current cohort) and this 
poses challenges in evaluating the feasibility of the PSM 
method for comparing ORR. After performing PSM, the 

F I G U R E  3  Results of propensity score matching (PSM) applied to sugemalimab group of GEMSTONE- 302 trial (case study 1) using 
the features PDL1 and Lym. (a) Objective response rate (ORR) of current and historical cohorts before and after PSM treatment. (b) Median 
progression free survival (PFS) of current and historical cohorts before and after PSM treatment. (c) Cohen's D of ORR/PFS outcomes. The 
bar shows the mean value and error bars show the standard deviation from 1000 iterations.
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ORR remains consistent (68% in the historical cohort and 
69% in the current cohort). The preservation of ORR in 
the matched samples compared to the unmatched sam-
ples suggests that the PSM method does not introduce bias 
in scenarios where the current and historical cohorts have 
similar distributions (as shown in Figure 1a,b).

To summarize, the PSM method can be utilized to gen-
erate a comparison that minimizes the influence of con-
founding relevant baseline features, thereby reducing the 
disparities in the patient distribution between the histori-
cal and current cohorts.

DISCUSSION

In case study 1, we deliberately created two distinct distri-
butions between the historical and current cohorts, with the 
anticipation that it would lead to a significant difference in 
outcomes when using a naïve comparison. The assessment 
of the PSM method's effectiveness would only be deemed 
feasible if the outcome difference decreases after applying 
PSM treatment. Our analyses showed that using the PSM 
method can lead to a more reliable comparison of the out-
come between a current cohort and a historical cohort, as 
opposed to a naive comparison that relies on differences in 
average responses of the cohorts. Specifically, the utilization 
of the PSM method resulted in a reduction of the ORR dis-
parity from 20% to 10% between the historical and current 
cohorts, as depicted in Figure 3a. Similarly, Figure 3b illus-
trates a decrease in the median PFS difference from 1.5 to 
0.8 months between the historical and current cohorts with 
the application of the PSM method. The observed difference 
in ORR/PFS values between the historical cohort after PSM 
and the current cohort before PSM could be attributable 
to two possible factors: (1) relevant baseline features that 
impact the outcome may still exist but were not measured 
or included in the analysis (see Supplementary Section S4 
and Figure S4H), or (2) the distribution of outcomes in the 
historical cohort does not fully represent the distribution of 
outcomes in the current cohort.

When an alternative splitting method is used, the con-
clusion that the PSM method provides a less biased compar-
ison of outcomes remains unchanged. When ORR was used 
to split the data for the intra- trial comparison in case study 
1, the same conclusion derived from the LKG- based split-
ting held true (Figure S5A- C). Both results (Figure 3 and 
Figure S5A- C) demonstrate the robustness of PSM method 
with respect to different data preparation approaches.

In case study 2, the historical cohort was defined as a 
phase III trial, whereas the current cohort was defined as 
a phase I study with the same indication. The expecta-
tion was that the distributions between these two cohorts 
could display similarities or differences. This variation is 

primarily due to the potential considerable variability re-
sulting from the small sample size of the current cohorts 
(N = 17), as described in the Supplementary Section  S4 
and illustrated in Figure S4H. If a significant difference in 
outcomes is observed between the historical and current 
cohorts, the assessment of the effectiveness of the PSM 
method would only be considered feasible if the outcome 
difference decreases after applying the PSM treatment. On 
the other hand, if there is no significant difference in out-
comes, the feasibility cannot be assessed. In such cases, 
the assessment of the PSM method would only be consid-
ered non- harmful if the outcome difference remains un-
changed after applying the PSM treatment. Our analyses 
revealed that the current and historical cohorts exhibit 
similar distributions. The application of the PSM method 
enables a less biased comparison of median PFS between 
the two cohorts (Figure S4E,F) without introducing bias 
in ORR (Figure S4G). Because there is already a good bal-
ance in the baseline characteristics between the two co-
horts, this makes this case study supplementary in nature.

It is important to note that in case study 2, the phase III 
trial followed the phase I trial, unlike real- world scenarios 
where the current trial typically follows the historical one. 
Although hypothetical, this case study validates the PSM 
method for real- world scenarios involving cohorts with 
different sample sizes and paves the way for future appli-
cations of PSM.

In summary, we have demonstrated that the PSM method 
allows a less biased comparison of outcomes between the cur-
rent and historical cohorts by normalizing the distributions 
of baseline features between the two cohorts, consequently 
reducing the confounding effects of patient variability. All 
the clinical trial data used in this study are based on the 
Chinese population. In other scenarios, regional differences 
in the patient population should be taken into consideration 
as it could play a significant role in observed treatment effect. 
The biological relevance of the two selected features, PDL1 
and Lym, is also supported by the literature. For example, 
studies have established an association between absolute 
lymphocyte counts and therapy outcomes in various solid 
tumors.27,28 In the case of patients with NSCLC, a higher 
baseline absolute lymphocyte counts showed better sur-
vival,29 and peripheral lymphocyte count was identified as 
a surrogate marker of immune checkpoint inhibitor therapy 
outcomes.30 Similarly, it is observed that immune checkpoint 
inhibitors showed better clinical outcomes with higher PD- 
L1 expression in patients with NSCLC.31– 34

Our demonstration of the feasibility of the PSM method 
in case studies 1 and 2 highlights the need for further 
prospective validation studies to validate this approach. 
Whereas PSM holds greater recognition within the medical 
community, alternative approaches, such as counterfactual 
modeling, exist and used in practical settings.35 To improve 
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the performance of the PSM method and leverage its poten-
tial in facilitating decision making, we consider three data- 
related factors in the following discussion.

How to optimize the performance of PSM?

Effect of overlap between cohorts on PSM 
performance

PSM performance is optimized when there is a reasonable 
overlap of baseline features between historical and current 
cohorts, as depicted in Figure 4. Matching is challenging 
with little overlap between historical and current cohorts, 

yielding no improvement in the outcomes' Cohen's D val-
ues, as depicted in Figure 4a,d,g. When there is substantial 
overlap, PSM is not needed, and outcomes can be com-
pared directly, as shown in Figure 4c,f,i. PSM is effective 
with significant differences but notable overlap in features, 
as seen in Figure 4b,e,h, which are based on the splitting 
method used in case study 1.

Effect of feature- outcome correlation on PSM 
performance

PSM does not guarantee similar treatment outcomes, as 
outcomes rely on the feature- outcome correlation. By 

F I G U R E  4  Different cases of splitting patients from sugemalimab group of GEMSTONE- 302 in to current and historical cohorts (case 
study 1). (a- c) Representative histograms of logarithm of tumor growth (LKG) in the cases of no overlap, moderate overlap, and complete 
overlap respectively between the current and historical. (d- f) Cohen's D values for the two selected relevant features (PDL1 and Lym) before 
and after propensity score matching (PSM). (g- i) Cohen's D values for the two selected clinical outcomes, objective response rate (ORR), and 
progression- free survival (PFS), for the corresponding cohorts before and after PSM. Bars show the mean and error bars show the standard 
deviation from 1000 iterations.



   | 1355PSM ASSESSING EFFICACY FROM SINGLE- ARM POC TRIALS

using the five identified relevant features (Table  1), we 
compare the ORR in the historical and current cohorts 
before and after PSM (Figure S5D). The study shows that 
using only two highly correlated features, PDL1 and Lym, 
leads to better matching performance. However, includ-
ing three weakly correlated features (NEOIWTYP, PROT, 
and K) lowers the performance.

To assess PSM performance with feature- outcome 
correlation and feature- feature correlation, we synthe-
sized data due to insufficient real data for numerical 
experiments. Details on data synthesis are provided in 
Supplementary Section  S3. In Figure  5a,b, the outcome 
of synthesized data is binary (analogous to ORR). In 
Figure 5a, there is only one continuous input feature (sim-
ilar to Lym), whereas in Figure  5b, one input feature is 
continuous, and the other is binary (comparable to utiliz-
ing continuous Lym and binary PDL1 from actual data as 
input features). Figure 5a,b depict the impact of feature- 
outcome correlation on Cohen's D values. Increasing 

feature- outcome correlation leads to better predictability 
of PSM, resulting in a decrease in Cohen's D value. Cohen's 
D also depends on feature- feature correlation (Figure 5b), 
with a modest decrease observed when two input features 
are less correlated, implying two independent baseline 
features further improve PSM performance. Baseline fea-
tures' incremental predictive value is the primary driver 
of PSM method effectiveness. The level of independence 
between these features has a minor impact on enhancing 
PSM effectiveness with incremental improvements. This 
observation is consistently demonstrated in another nu-
merical experiment, which specifically focused on a con-
tinuous outcome resembling PFS (Figure S5E,F).

Besides tumor PD- L1 expression, tumor mutational 
burden has been identified as an orthogonal biomarker 
that is predictive of clinical benefits from immune check-
point inhibitors.36 Based on the above analysis, we specu-
late that combining these two relevant, but uncorrelated 
features will significantly improve PSM predictability.

Feature
Correlation 
value

Feature 
weight from 
LASSO p– value

Correlation 
type

PDL1 0.2085 0.3031 0.0003 CramersV

Lym 0.1731 0.2409 0.0025 PointBiserial

NEOIWTYP 0.1344 0.1789 0.0193 CramersV

K 0.1231 0.1025 0.0322 PointBiserial

PROT −0.074 −0.1155 0.199 PointBiserial

Abbreviation: LASSO, least absolute shrinkage and selection operator.

T A B L E  1  The features chosen 
through LASSO logistic regression 
and their correlation with the clinical 
outcome.

F I G U R E  5  Effect of feature- outcome correlation on propensity score matching (PSM) performance when outcome is a binary variable. 
(a) Relation between feature- outcome correlation and Cohen's D of outcome when input is a single continuous feature. (b) Relation between 
feature- outcome correlation and Cohen's D of outcome when inputs are two features –  one continuous variable and the other a binary 
variable. The filled region shows the complete range of values between the minimum and maximum of the simulations at each correlation 
and line shows the mean value of the simulations at each correlation.
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Expanding the PSM database through synthetic 
data sharing

To make accurate predictions using PSM, it is essential 
to have ample historical data across various indications. 
However, sharing patient data among organizations is often 
difficult due to competition and privacy issues. A solution 
is to generate computationally synthesized datasets that 
mimic the structure and statistical properties of real histori-
cal data, including marginal distributions, feature- outcome 
correlations, covariance matrix, and feature correlations. 
The method has been extensively documented37– 41 and can 
successfully expand the external database, whereas ensur-
ing the exclusion of any sensitive information.

How to put this PSM approach into 
practice?

Using our case study as an example, Gemstone- 302 has 
established sugemalimab plus chemotherapy as a po-
tential new standard first- line therapy for patients with 
stage IV NSCLC. This will serve as the historical con-
trol to which the results from a new single- arm phase 
IB trial involving an experimental therapy (e.g., PD- L1 
bispecific antibody plus chemotherapy) is prospectively 
compared. As mentioned in case study 1, we have iden-
tified the key baseline features from Gemstone- 302 
(PDL1 and Lym) that will be used for PSM on the ex-
perimental arm using patient- level data in the phase IB 
study. Comparison of end points (e.g., ORR after PSM) 
provides a more informative assessment of the new 
treatment effect that may otherwise be confounded by 
an imbalance of predictive baseline features.
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